ABSTRACT Electronic noses are studied and developed since many years, aiming today to enhance the sensitivity floor, the response time, or characterize new chemical processes. Nowadays, the most performant apparatus are cumbersome, expensive, and not fully dedicated to mobile systems. Most of the researches related to embedded noses on moving applications aim to develop mapping or source detection of toxic gases, enhancing the geometry of the nose and taking into account the air flow perturbations. In this study, we aimed to develop a compact electronic nose dedicated to identify volatile and nonvolatile odors. The aim is at midterm to embed it on a humanoid robot. The purpose is to achieve a compact and embedded electronic nose to provide an added function for robots evolving in their daily environment and able to learn more odors. The final goal is mainly to use it in human-like behavior, mostly to sense food with several conditioning possibilities like volatile or nonvolatile odors. The developed E-Nose has four MOS gas sensors, embedded electronics, and software based on k-nearest neighbors' classification algorithm. Experimental results show success rates up to 98% to differentiate between four fruits juices, namely apple, orange, pineapple, and grenade and to identify rotten eggs from good eggs, grenade perfume, and butane gas, in less than 60 s. An extensible interface enables the E-Nose to learn more odors.
I. INTRODUCTION
Artificial noses have been a topic of research since 1960s. The first major contribution is generally attributed to Moncrieff who, in 1961, began his trail with a mechanical mechanism to detect odors. Electronic noses appear few years after. In sixties, evolution reported the first electronic nose to detect redox reactions of odorants by different ways: an electrode [1] , a modulation of conductivity by odorants [2] and a modulation of contact potential [3] . Nearly twenty years after, electronic noses were developed for classification purpose with the use of an array of MOS (Metal Oxyde Semiconductor) gas sensors [4] . In 1989, in a NATO Advanced Workshop on Chemosensory Information Processing, the first session dedicated to the topic of artificial olfaction occurred [7] The associate editor coordinating the review of this manuscript and approving it for publication was Norbert Herencsar. followed in 1990, by the first conference fully dedicated to the topic of electronic noses [8] .
Nowadays, electronic noses have been used in many industrial applications, including indoor air quality [9] , [10] , health care, safety, environmental monitoring [11] - [13] and quality control of food products [14] - [16] . Other important applications are also concerned with medical diagnosis [17] - [20] where the electronic nose is used for early detection of the lung cancer and psychoanalysis [21] . More recently, some solutions were also applied to agriculture [22] and space applications [23] .
In all these fields, the success rate, the floor sensitivity and the response time are the key points, generally to the detriment of the compactness and the price. There are a number of commercial electronic noses [24] but most of them are dm 3 volume. However, this kind of solution is still bulky which make it very expensive to widespread and VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ conflicting with the ultimate target of an implementation in a humanoid robot head. Electronics noses have been also largely studied for robotics applications [25] . Generally embedded on wheeling robots, it could be used for toxic gas detection. The problematics of 3D mapping, source detection, classification and perturbations due to air flow is still challenging and different technologies can be appropriate [26] - [28] , especially for alcohol or drog detection. Strategies of displacement with genetic programming or simulation environment and choice of the best trajectory to enhance the air collection have been extensively studied also [29] - [34] . Multi-chambers systems are sometimes designed to reduce the recovery time and detect several gases sources [35] or enhance the accuracy on alcohol detection [36] .
Beside the commercial solutions and the wheeled robot systems, some research teams tried to find solution for embedded noses that could easily equip humanoid robots, generally speaking dedicated to food classification. T. Tang et.al proposed in 2010 a portable electronic nose with small size (20 × 12 × 10 cm 3 ) to classify between four fruit odors by using 8 MOS gas sensors [24] . The classification process was based on Principal Component Analysis (PCA) and k-Nearest Neighbors (KNN) algorithm. Their solution was able to perform the fruit identification in 100 seconds and 2 minutes to extract the odor with an 84% success rate to classify between four juices (lemon, banana, litchi and longan). In 2013, Hariento et al. proposed an omni-directional robot equipped with an electronic nose [37] . They used 4 MOS gas sensors to identify two gases: gasoline and alcohol. The classification algorithm was based on artificial neural network that performs 100% success rate in identifying these two gases. This algorithm was implemented on a computer connected to the robot through wireless connection. Finally, A. Kanade et al. [38] proposed in 2014 an electronic nose to classify between three fruits (guava, banana and orange) using 8 MQ series metal oxide semiconductor (SnO2) gas sensors by Parallax Engineering Inc and PCA as classification algorithm. The adopted delivery system allowed the nose to achieve the fruit identification in 150 seconds and 2 minutes to extract the odor, with a 100% success rate to classify between three juices. However, these noses are not suitable for current-life humanoid robot systems due to the long response time and the large size of the electronic system.
The aim of this work is to develop a new easy and compact electronic nose that could be embedded in a mobile robot, adding function for example to humanoid robots evolving in their daily environment and able to learn more odors. The final goal is mainly to use it in human-like behavior, so mainly to sense food with several conditioning possibilities like volatile or non-volatile odors. Major characteristics are time response, accuracy and capability to adapt itself to new detection by learning process. The sensitivity floor is aimed to be as good as possible but is not the key point, since the robot can move close to the target to enhance its sensing floor. Furthermore, perturbations of air flow have not been developed in this work.
The paper explains choices that have been made in the structure of the sensors to perform these goals. Finally, experiments are detailed and the results presented. It demonstrates that the proposed solution is able to differentiate four fruits juices (apple, orange, pineapple and grenade) and can identify rotten eggs from good eggs, grenade perfume and butane gas with 98% accuracy in less than 60 second.
II. STRUCTURE OF THE ARTIFICIAL NOSE
The structure of the human nose is very complex and has been detailed in literature [39] . To imitate the process and have a biomimetic approach, we can distinguish three main functions. First, the delivery part that plays the role of nostrils and nasal passage to bring the flavor to the sensitive part. Second, the sensitive part itself made of gas sensors that play the role of the nasal receptors in the olfactory epithelium. Obviously, it is not possible to reproduce the 400 types of nasal receptors [40] , so the technological realization must choose the more relevant gas sensors. And third, the computing algorithm that plays the role of the olfactory sensing chain to the brain and allows taking a decision of recognition and classification.
The first part concerns the delivery system responsible for gathering the odor from its source to the nose sensors. There are two approaches to achieve this function. The first approach is used in most of the developed artificial noses where accuracy and sensitivity are the main goals. It is then suitable to place the sensors in an isolated chamber to keep of the environment parameters that affect sensors responses constant, namely temperature and humidity [24] . Moreover, connecting the odor source to the sensing chamber through pipes prevents from the unrequited odors affecting the identification process. But, this first approach is inappropriate for robotic applications. The second approach is based, as for the human nose, on the sensor capabilities to detect odors within distance going from the sensor position to a maximum value for which satisfactory accuracy is guaranteed. This approach uses the environment air as the odor carrier and obviously is more suitable for robotic applications. Indeed, mobile robots such as humanoids equipped with this kind of electronic nose will be able to go closer to the odor sources making them, for instance, more efficient for monitoring and rescue applications.
The second part concerns the sensitive function. A combination of sensors which are designed to detect volatile odors, have been chosen to detect a set of odors. The basis for the choice of those sensors is based on bibliography and resumed in Table 1 . MOS sensors are sensitive to a family of gases and the selection aims to address specific application: detection and classification for classical fruit juices are taken to qualify the performances in term of time response, number of sensors, and success rate. Those fruit odors samples are well known to diffuse combinations of gases and are then interesting for a benchmark. Another criterion that we add is that, the set of selected sensors has to be able to identify nonvolatile odors such as pure fruit juices and volatile ones such as perfume and toxic gas. An analysis for set of the common foods at home allows establishing a list of their gas composition [41] - [45] . One can notice that most of the gases presented in the food are derived from hydrocarbon materials and some of them from ammonia or hydrogen sulfide. It is established that sensors sensitive to propane, methane, butane and hydrogen gases can detect the hydrocarbon materials [41] . Table 1 gives an overview of matching between the food and the above-mentioned gases. The analysis, based on former works [41] - [45] is related to the probability of existence of these gases in this food set. The existing probability is represented by number of (+) symbol. Based on this cross-matrix, we can choose the more appropriate sensors.
The different types of sensor are classified based on their sensing materials and detection principle [46] . Several sensitive criteria can be taken into account. These criteria are related to the sensitivity, the response time, the power consumption, the size, and the capability to detect the food odors. The capability to deal with ambient temperature and humidity is also an important point [47] .
Figaro MOS gas sensors are appropriate since they fulfill the above criteria in addition to their low cost, commercial availability, besides having high sensitivity with fast response and short recovery time [48] . Moreover, the small size compared to other sensors types and the simple electronic interface, give us the opportunity to achieve small electronic board for sensing element of the proposed E-Nose. The main problem of these sensors is that temperature and humidity of the environment affect directly the sensor sensitivity: it decreases with an increase in the temperature or the humidity percentage in the air. Because of these effects, the proposed E-nose is trained on the odors in different room temperature values in range 20 ∼ 30 • C but if it is used in a different temperature, it has to be supported with a temperature sensor to adjust the reading based on the temperature. Figaro MOS gas sensors have the capability to sense more than one gas. The second part of the Table 1 shows the capability to sense the seven predetermined gases. One can see that with this set of four sensors, the whole set of gases is covered.
Finally, the third part of the nose concerns the processing layer which is interfaced with the sensing layer through ADC (Analog to Digital Converter) responsible for: i) processing the sensor readings; ii) applying the feature extraction and odor classification algorithm on these readings; and iii) validating the results by the system user. In the proposed nose the board is an embedded system. This allows the proposed solution to be dedicated to mobile robots to learn new odors depending on the targeted applications.
III. EXPERIMENTAL SETUP A. PRACTICAL REALIZATION
A circuit board containing the four sensors and the associated electronics components with dimensions 4.5 cm × 3.3 cm has been developed and manufactured as depicted on Fig. 1 . The output of each sensor is connected with a fixed resistance of 470 k while the other side of this resistance is the analog signal which gives the sensor response. This design gave flexibility to have a very small portable electronic nose relative to the existing ones.
The sensing board is connected to an ATMEL microcontroller with three algorithms implemented: the smell detection, the feature extraction and the classification process. The data can be retrieved with an UART connection at low speed, which is enough taking into account that the measurements are achieved at quite low frequency.
The system acquires alternatively the four sensors, and after an analog to digital conversion, the microcontroller processes the identification step. Both identification and sensing can be done at the same time once the process is launched. The smell odor is then detected once the pattern classification algorithm finished. The software includes a training set of data and verification modules for the results. Moreover, thanks to this interface, alternative user-defined classification algorithms can be used off line on the gathered data instead of using the classifier implemented on the microcontroller. Finally, the verification module can help the user to adjust the classification accuracy of the training set as well as the testing set for a new classifier.
B. EMBEDDED FEATURE EXTRACTION ALGORITHM
The developed E-Nose software layer consists of three algorithms. These algorithms are smell detection, feature extraction, and preprocessing and smell classification process. One of the main contributions of this paper is the feature extraction algorithm and its embedded implementation on the microcontroller. The complete algorithm is based on an analysis of the curves of the trained odors.
For the smell detection, the four sensor readings are scanned alternatively to detect a significant change in the values. We define for each sensor a specific feature that is based on the survey of the sensor value. The tangent slope is scanned for each sensor to detect a growing or a decreasing of the value, with taking care also that a steady state response must be observed after presenting the candidate juice. The smell observation of the sensor is calculated based on equation 1. The first part is the survey of the tangent slope at each sample time to detect a change and analyze the convergence to the steady state. The second part is the sum of the tangent slopes for each sensor.
where i the sensor number, from 1 to 4, k the current reading sample time,
T e the sample period, assumed to be 1 ms, n the number of the reading points taken into account till the steady state point. Each sensor has a different value for n, Val_i the sensor reading value received from the analog-todigital converter for the sensor i.
The four sensors are then monitored. When one of them is detected to be changing and is reaching its steady state, it is recorded that a new odor is detected. The second phase of feature extraction is then launched.
In this phase, the features of the sensors have to be normalized by post-processing. It aims to determining standard parameters by using the minimum and maximum values to get features values in [0;1] range. This normalization is not calculated for each sample but calculated for each feature dimension relative to all-training samples, ensuring then a learning process. The output of this algorithm will be the training set input for the classification algorithm.
The third phase is concerned with the pattern classification process and the results classification and representation. Several methods can be found in the literature [48] , [49] . In our case, the pattern classification algorithm has to be with low time complexity in order to be implemented on the ATMEL microcontroller for embedded purpose. K-Nearest Neighbors (KNN) algorithm has been chosen to classify between the smells. The choice was motivated by the compromise between the time complexity and the targeted performances.
To evaluate, the performance of the implemented algorithm, an Artificial Neural Network (ANN) algorithm has also been implemented for off line accuracy comparisons. For the KNN pattern classification, the training set is based on vectors in a multidimensional feature space, labeled with the class label (juice label). There is no calculations in the training phase which is only limited to storing the features with their class label to facilitate the classification. In KNN classification phase, k is considered to be constant and used to define the number of the nearest training points to the candidate point. The candidate point is an unlabeled vector with the same dimension of the training set points. The nearest training points are computed by calculating the distance between the candidate point and the all-training set points. The distance may be based on any metric measurement e.g. Euclidean norm. Then, the process determines the k training points, which have the minimum distances. The class, which has the maximum number of the training points with its label, will be chosen as the class of the candidate. A genetic algorithm was used to search for the best value for k that gives the highest correction precision for the training set and the testing set. The best value for k is 3 since less or great than this value of k will lead to misclassification for some points and a decreasing of the algorithm accuracy. To get an O(n) time complexity, the distance values vectors are not sorted since storing will inherently lead to O(n 2 ) time complexity [50] .
IV. EXPERIMENTAL RESULTS
Four experiments have been carried out on the proposed E-Nose to show its capabilities. The samples of the training and validation set have been sampled in the same day while the testing sets have been recorded in different days. Moreover, some testing experiences have been performed several months after carrying out the training process in order to test the reliability of the proposed system. In the achieved experiments, almost 100 samples have been used for the training and the validation step. Two types of odors were used. The first one composed of non-volatile odors represented by pure juices: Orange, Pineapple, Apple and Grenade. The second one composed of volatile odors that are represented by commercial perfume and butane toxic gas. The juices are pure canned juices without any added materials usually given for the kids. The samples of each juice have been put in 200 ml plastic cups filled till about 90% of the cup. Then, the juice cup is directly exposed to the E-Nose using the room air as the odor carrier. All the experiments occurred at room temperature between 23 • C and 30 • C.
A. EXPERIMENT 1
The first experiment aims to check the detection and identification algorithm. The number of training samples for each juice is 20 samples. The number of the testing samples for the three juices is 40 samples. The implemented algorithm on the microcontroller was used to identify three fruit juices (Orange, Apple, and Pineapple), which were the first learned odors. KNN based method with k = 3 was used as a classification algorithm. The nose was mounted on mobile base robot and was connected with text-to-speech module to spell the name of the detected juice.
The juice was exposed to E-Nose at a distance of 1.3 cm for 50-second period for detection. The steady state is reached about 40 s after the beginning of the process. Based on the data gathered from this experiment, several algorithms such as SVM (Support Vector Machine), Bayesian and Artificial Neural Network (ANN) for classification were tested. The KNN was the fastest one and chosen to be implemented in the proposed E-Nose. The response of the four sensors for the Orange juice is given in Fig.2 where the steady state of each sensor is reached after around 33 seconds. This stage of identification of the response of the four sensors was carried out for the three juices. The values of the steady-state are represented in the radar plot given on Fig. 3a , after the normalization step. One can see that each fruit leads to a clear discrimination between the three radar plots, thanks mainly to the Sensor 2 (Propane and Butane sensor). The Biplot repartition for the two main sensitive sensors S2 and S4, i.e. mainly dedicated to Propane and Butane on one hand and Methane on the other hand are shown in Fig. 3b . The separation of the three groups of measurements is quite very good. Then, after the identification step, a success rate of 100 % was reached for the classification between the three fruit juices.
B. EXPERIMENT 2
The second experiment aims to test the learning capability with a new pure juice odor that is Grenade. The number of the training samples is 80 samples (20 samples for each juice, the three previous one plus the Grenade juice) and the number of testing samples is 55. KNN (k = 3) algorithm has been used for the classification between Grenade juice and the other juices. In this case, the success rate dropped to 98% but one can see in Table 1 that the Grenade juice odor is very close to the Apple juice so the similarities in the sensors responses for Grenade and Apple led to misclassification. The four sensors responses are illustrated in Fig. 4 , to corroborate the similarities. Using ENN interface allows us to test the developed ANN classification with genetic algorithm to enhance the accuracy. This leads to a 1% improvement in the accuracy for differentiating between the four juices.
C. EXPERIMENT 3
The third experiment aims to learn and detect volatile odors, Grenade perfume and butane gas. The number of the training samples is 9 and 6 samples for Butane gas and Grenade perfume respectively and testing samples are 4 and 4 for Butane and Grenade perfume. The way of exposing volatile odors to the E-Nose is performed by opening the valve of the gas at a distance of 5 cm or pressing the perfume bottle button three times at the same distance. About 40 seconds were necessary for the E-Nose to identify the odor. Once again, KNN (k = 3) algorithm was used to classify the six odors (the former four non-volatile fruit juices and the two volatile odors). Figure 5 shows the radar plot of the steadystate values after normalization on the four sensors for the two volatile odors, Grenade perfume and butane gas. One can see that the two plots are clearly separated and the total success rate between the separations of the six odors is 98%. One should also notice, that Butane leads to significant response for Sensor S2 (which is normal, it is the Butane and Propane sensor), but also Sensors S1 (Ammonia and H2S) and S3 (Hydrogen and Carbon monoxide), which is not specified in the datasheets. This redundancy in the sensor responses is usefully used to increase the accuracy of the proposed E-Nose in detecting toxic gases in monitoring applications.
D. EXPERIMENT 4
The last experiment aims to evaluate the detection capability to distinguish rotten food, by using egg as an example. The number of the training samples is 10 (5 for rotten egg and 5 fresh egg) and 5 samples for testing. A fresh egg content was set in a cup and left for four days in the air. Then, a comparison of the E-Nose sensor responses for another fresh egg and for the rotten one was carried out. The measurements were gathered in the same conditions as in the first experiment, namely a smell distance of 1.3 cm.
The Fig. 7 shows the four sensors responses relative to the fresh egg and rotten one. One can see that it is mainly significantly different for the S4 sensor (Methane mainly). Only S2 (Butane and Propane mainly) responses are very close. These results prove that the proposed E-Nose is able to detect difference between the rotten and fresh egg odors and consequently can help to identify rotten food. The final success rate of distinction is 98%.
V. DISCUSSIONS
In this section, the results concerning the performances of the proposed E-Nose are discussed. First, a study of all combinations using the four sensors individually and in-group of two, three and four has been conducted for 7 odors (i.e. four fruit juices, two volatile odors and rotten egg). The results are plotted in Fig. 8 .
Obviously, we can point out that each sensor alone has a poor success rate; the best seems to be the Sensor 2, in accordance with the previous tests where its response was always significant, except for rotten egg. Its major role is appearing also in the combination with the others since we can observe that this sensor greatly affects the success rate. The second sensor that seems to play an important role is Sensor 4. Both S2 and S4 are sensitive to hydrocarbon materials. Finally, the best combination is obviously the one using the four sensors and then a success rate of 98% is reached. This comforts us in choosing four as minimal number of sensors and demonstrates the effectiveness of the proposed E-Nose.
A comparative study between the proposed E-nose and the most recent E-noses developed for fruit identification has been carried out. Four recent and accurate E-Noses, used for fruit identification, and developed respectively by Tang et.al [24] , Kanade et al. [38] , Qiu et al. [51] and Haddia et al. [46] , are chosen for the performances comparison. The comparison targets the number of used sensors, the time processing, the success rate, the total size and the final cost of the hardware system. The Table 2 summarizes the characteristics.
As far as we know, all these recent E-noses are using the first approach for carrying the odor to the sensory system, which means a specific chamber uncomfortable for the compactness. Hence, our proposed E-Nose has an important advantage since no specific chamber is used to analyze the odors. This leads to a very compact size of 4.3 × 3.2 × 1.8 cm 3 compared to the other solutions. Moreover, the proposed E-Nose sensory system is based on the smallest number of sensors while achieving almost the same success rate performance for fruit juice identification. The sensitive part can deal with either volatile or non-volatile odors which is also an important point to notice. As illustrated in Table 2 , the number of identified odors between the proposed E-nose and the others E-nose is in a range of 3 and 11 different odors and this number gives an indication of the nose's ability.
The training samples number varies from 20 to 150 when the proposed E-Nose development was based on a total number of almost 100 samples. Since our proposed solution is based on embedded microcontroller achieving all the computations, the proposed E-Nose total weight is less than 20 g. This weight has to be compared with the other solutions that weigh more than 1.7 kg except for the E-Nose developed by Qui et al. [43] where this information is missing.
For the time processing, the proposed E-Nose showed performances of time range for the identification varying from 30 to 60 seconds. Even if a period of 30 seconds is needed for the sensory system recovery, our solution remains very competitive compared to the other recent E-Nose, whereas the processing time of other systems is within a range of 80 s to 10 min. Moreover, additional time period of almost 2 min is required for cleaning the system. In addition to the proposed E-Nose processing unit can be easily extended through an interface implemented on the computer.
VI. CONCLUSION
We developed a very compact embedded electronic nose to detect volatile and non-volatile odors. This paper aimed to demonstrate the capabilities of classification, first step to embed the E-Nose in a future work on a humanoid robot. It could then enhance their functionalities in several applications such as helping elder people or monitoring environment. The proposed E-Nose solution developed is able to learn more odors that the mobile robot may meet in indoor and daily environment. The proposed E-Nose has a sensory system using a minimal number of four MOS sensors and an ATMEL microcontroller. The minimal number and the kind of sensors were justified regarding the targeted application of identifying non-volatile (fruit juices) and volatile (toxic gases and rotten food) odors. A feature extraction and k-Nearest Neighbors algorithms were developed in the embedded version. An interface was also achieved to enable extendibility of the proposed E-Nose allowing it to learn more odors. The performances for identifying pure fruit juices (Apple, Orange, Pineapple and Grenade), Grenade perfume, Butane gas and rotten egg were demonstrated. An average accuracy of 98% with time processing going from 30 to 60 seconds was achieved, in a close limited environment conditions. A comparative study with the most recent developed E-Noses showed that the proposed solution is very competitive thanks to its compactness, very light weight and response time for a very good accuracy as well as its low cost. Future works will focus on the estimation of robustness of the classification ability, depending on the environment changes on one hand, and on the second hand on the evaluation of the ability of the proposed E-Nose to learn new odors. The ultimate development will deal with an implementation of the proposed E-Nose in a humanoid robot head. The mechanical design will integrate the air flow control to enhance the odor reception and the transition and recovery time between two measurements. The humanoid robot named HYDROID [52] that we are building is functioning with hydraulic pumps and air flows that can be derivated to clean small chambers integrated in the nose. The measurement of temperature, humidity and strength of flow will also be added in order to be more robust and increase the accuracy. 
